Abstract -This paper examines the roles of learning styles and models of teaching within a data mining educational program designed for undergraduate, non-computer science college students. The experimental design is framed by a discussion of data mining education to date and a vision for its future.
INTRODUCTION
In the past 17 years, the discipline of data mining has matured rapidly, and much research has been dedicated to defining the field and developing and proving data mining algorithms and approaches. During this same time, relatively little research has focused on educational programs which teach data mining skills and techniques [1] . The purpose of this study is to identify possible relationships or interactions of studentdescribed learning styles within two intentionally selected models of teaching in the context of data mining education.
The specific educational experience is targeted to an audience of non-computer science undergraduate college students-an audience quite different from the traditional data mining student group. An understanding of how the target audience's learning styles affect their learning of data mining concepts and techniques within the chosen teaching approaches is needed to improve the pedagogy of data mining as a whole. The findings of this study, while targeted toward the teaching of data mining, are extensible to the study of learning style/teaching model interactions across a variety of educational topics.
Hypotheses
In order to understand the connections between learning styles, models of teaching, and data mining education, the following hypotheses are posed: 1. H 0 : There is no significant difference in assessment scores when either Direct Instruction or Concept Attainment is used as the teaching model in undergraduate, noncomputer science data mining instruction. 2. H 0 : There is no significant difference in assessment scores among various learning styles in undergraduate, noncomputer science data mining instruction. 3. H 0 : There is no significant difference in assessment scores associated with students' learning styles within a model of teaching which yields significantly higher scores. 4. H 0 : There is no significant difference in assessment scores between either of the two models of teaching if one or the other is statistically associated with a student's learning style.
REVIEW OF LITERATURE
In order to address the overarching goal of this study, it is important to understand how data mining emerged. As with many technologies throughout history, data mining has evolved from a series of problem solving and solution creation efforts, forming a loose collection of tools with few standards for compatibility, interface design or output [2] . Due to its strong ties with data management tools such as relational database management systems, data warehouses, statistical analysis software, and artificial intelligence, it logically follows that data mining was created by, and remains closely tied to, experts in computer science, psychology, and statistics. Academicians at large research universities were among the first to embrace and contribute to the definition, growth and capabilities of data mining, and subsequently the first course offerings on these topics followed, or accompanied, the research being conducted in the field [3] . As a natural consequence of this phenomenon, the courses were offered in the areas where the researchers worked: Computer Science, Engineering, and Artificial Intelligence-primarily at the graduate level. By 2001, entire graduate programs of study were offered, often with a niche in some market segment where data mining represented a potentially useful tool-data mining for health care, finance, or customer relationship management, for example [1, 4] .
Today, a new generation of tools has emerged, providing a platform and climate which will enable a broader spectrum of educators to reach non-computer science undergraduate college students with course offerings in data mining [5] . If successful, this new type of data mining student may eventually show, through effective use of data mining within a limited computing infrastructure and in a smaller work environment, that data mining course offerings to this target group is not only appropriate, but beneficial. That cannot be known however, without first addressing the need to deliver data mining education to this new student population segment in accessible, useful ways given their background, experience, and aptitudes.
Currently little scholarly research exists in the area of data mining education [1] . Most of the research conducted and published in the approximately 17 years of data mining's existence has been about the techniques, concepts and algorithms used to conduct data mining [6, 7] . Little scholarly attention has been paid to the effectiveness of teaching techniques used to impart data mining skills and knowledge to students. A clear understanding of how students' learning styles impact their abilities to acquire data mining knowledge and skills will help to shape the future of data mining education and better prepare college graduates for an increasing number of jobs in this field.
Learning Styles Literature
Varying opinions on the usefulness and meaning of learning style assessments exist within the educational community [8, 9] . Functionally, an assessment of one's learning style is an effort to determine the ways in which a student best acquires new knowledge-or at least the ways in which the student believes they best acquire new knowledge [10] . Because the participants in this study will come from a wide variety of backgrounds and have an equally diverse set of educational goals, it is important to understand how each participant feels and thinks about the ways they learn. This information will be useful in interpreting our findings, by allowing us to search for connections between certain learning styles and specific performance outcomes. For this study, Kolb's Learning Style Inventory is used, since it has a well established track record in educational research and is not designed toward any specific intellectual predisposition [10, 11] . It is well suited to this particular experiment because it attempts to assess both how the person learns and how the person deals with ideas. Data mining demands both technical and theoretical understanding and ability [12] , so the option to evaluate learning and idea processing mechanisms is beneficial in the context of the teaching and learning to be examined. Learning data mining also demands a high degree of interaction with computer technology, and Kolb's inventory helps to identify individuals who strongly gravitate toward, or away from, learning through the use of hands-on interaction and activity [13] . Once the self-described learning style of each study participant is identified, we are to determine if their predisposition toward learning impacts their ability to acquire knowledge about data mining concepts and techniques.
Models of Teaching Literature
Aside from evaluating the ways which students tend to learn best, there remains a question regarding the appropriate delivery mechanism for teaching data mining to the target audience. Here we examine two specific models of teaching defined by Joyce, Weil and Calhoun [14] -Direct Instruction and Concept Attainment.
Direct Instruction is the process of teaching which presents information as a factual body of knowledge to be acquired by the learner [14] . It is, by nature, a behavioral model in which repetition, planned practice, and instructor feedback shape the learner's knowledge acquisition process. The instructor, texts, exercises and other learning material all fulfill the role of guiding the learner toward specifically predefined (or "correct") outcomes. It has emerged as a popular instructional model, particularly in quantitative disciplines such as mathematics where arrival at "correct" solutions is more easily defined [15] . Given data mining's heavy reliance on quantitative methods, this instructional model is a logical choice for this experiment.
The second teaching approach used is Concept Attainment. This model is much more cognitive and even somewhat constructive in nature, allowing the student to learn through a process of guided discovery, creating associations of new information or knowledge with previously understood content [14, 16] . As previously mentioned, data mining owes at least part of its genesis to mankind's attempts to model human cognition through artificial intelligence. Many of the important concepts and techniques encompassed in data mining rely upon computer simulations and algorithms defined specifically to mimic human decision making patterns and mechanisms [17] . Thus, there is a strong rationale for including Concept Attainment in this study-the very teaching model is an exemplar of the data mining content to be learned.
METHODOLOGY
Three data components were necessary for this study. First, some limited demographic data were needed to provide a profile of the participants. Next, each student needed to complete a Learning Style Inventory in order to determine their self-described category of learning. Finally, students needed to complete the data mining lesson and complete some form of learning assessment Data were collected through an online learning system which was available only to student participants. Students who elected to participate in this study registered an anonymous and unique personal identifier, then provided a limited set of demographic information and completed Kolb's Learning Style Inventory. They then received a data mining lesson on the topic of Association Rules via the online interface using either Direct Instruction or Concept Attainment as the model of teaching. The lesson was followed by a 10-question quiz.
Participants
Study participants consisted of undergraduate college students not majoring in computer science at a traditional, residential teaching college. These participants engaged in the study on an entirely volunteer basis and were not personally identifiable through the data collected. Participants were recruited with a resultant sample of 86 individuals completing all of the online portions of this study. No incentive, monetary or otherwise, was offered to entice participation. Demographic data is reported in order to afford readers of this paper a more informed position as to the inferential nature of this study to other groups or populations.
Instruments
Study participants were given the Web site address to begin the study at the time they agreed to participate. They were encouraged to set aside at least 30 minutes to complete the process. Upon accessing the Web site, the students worked through four instruments in the following order: Study Overview, Demographics, Learning Styles, and Rules of Association. For the final instrument, study participants were randomly selected into either a direct instruction or concept attainment instructional environment, and after completion of the learning activities, all completed the quiz assessing their understanding of Rules of Association.
The data collected were evaluated using two measures. Ttests were used to find statistically significant differences when teaching model data is in question, since only two groups exist in this area of interest. ANOVA was employed whenever learning styles were evaluated, and any significant difference found in the learning style data would be further examined using Scheffe's post hoc comparison procedure.
Variables Analyzed
Specific variables examined included the following:
• Independent Variables: The independent variables in this study are the students' self-described learning styles from Kolb's Inventory, and the Direct Instruction and Concept Attainment models of teaching.
• Dependent Variable: The dependent variable in this research is the assessment score collected for each participant at the end of the learning module. Assessment scores are the indicators of successful knowledge or skill acquisition, and were collected and associated specifically with the model of teaching used in delivery-either Direct Instruction or Concept Attainment.
• Demographic data such as major area of study, age, and gender were also collected and evaluated for possible influence on the student's performance scores; however these were collected and used as explanatory mechanisms and not specifically as independent variables used in addressing the major hypotheses of the study.
Data Analysis
Once collected, the data for this study were analyzed in order to address the four hypotheses posed. Statistical tests were performed to determine the existence of significant differences between or among groups of learning styles or teaching models.
The analysis of the demographic data is largely descriptive in nature in order to characterize the profile of the student participants in this study. Summary statistics including counts and measures of central tendency and dispersion are included where relevant in order to assist the reader in understanding the larger population to which the results of this study might later be inferred.
Analysis of Models of Teaching
The first hypothesis in this study is designed to understand whether or not students will perform better based upon the model of teaching with which they were instructed. Since two specific models are being examined, a two-tailed t-test will reveal any significant difference between the two groups of quiz scores, as well as indicate which of the two methods resulted in higher scores. The outcome of the t-test allows us to respond directly to the first research question, and forms a justification for whether or not the third research question needs to be addressed as well. Following established educational and social science research norms, the alpha level (α) is set at .05 for all statistical tests in this study [18] .
Learning Style Analysis
Given that there are four learning styles in Kolb's inventory, an analysis of variance (ANOVA) was required in order to identify whether there is a significant difference between learning style groups in this study. The assessment scores from the two quizzes are compared across all four learning style groups to determine whether or not a significant difference exists among them. A result showing significance merits post hoc comparisons in order to determine which of the groups yielded significantly higher quiz scores, which will address our second research question and will provide a foundation for addressing the fourth research question, if necessary. If a significant difference between groups were found during the ANOVA exercise regarding research question two, Scheffe's post hoc methodology would be employed in order to identify which groups scored higher. Because it will be impossible to ensure beforehand that all learning style groups will be represented equally in terms of sample size, Scheffe's methodology is therefore most appropriate for this particular study [18] . 
FINDINGS AND DISCUSSION
In all, 106 students were invited to engage in the study, and 86 (n=86) complete and usable participant records were collected during this data collection period. Table I summarized the demographic and learning style data collected. 
Hypothesis Number One
The first null hypothesis in this study states that there is no statistically significant difference between the two instructional delivery methods, or in other words, one teaching methodology will not generate significantly higher quiz scores over the other. Although students who participated in the study were randomly assigned to receive one instruction method or the other by a computer generated randomization algorithm, care was taken to ensure an identical sample size for each of the two groups. The resulting groups were each comprised of 43 observations, enabling the use of a two-tailed t-test for the determination of statistical significance. Table II presents the descriptive statistics for the two models of teaching. Outcomes of the t-test follow. In evaluating the measures of central tendency between the two groups, we find that they are very similar. With these similarities in mind, the t-test was performed in order to determine whether or not the differences in quiz scores are statistically significant. An alpha level of .05 (α = .05) was used. The resultant p value for a two-tailed test yielded .63 (t=-0.48, df=42, p<.64), which is far too large to suggest statistically significant differences. Therefore, we fail to reject the first null hypothesis.
Hypothesis Number Two
Our second research question seeks the answer to the following: "Is there a significant difference in assessment scores among student Learning Styles"? Based on their inventory responses, students we each identified by one of Kolb's four learning style categories. Table III The largest potential gap which could have resulted in significant differences between groups exists between Convergers, with a mean quiz score of 6.1, and Divergers, with a mean quiz score of 5.5. Although this gap is recognizable, further experimental analysis on these data show that with a maximum mean of 6.1, the minimum mean would have to be at or below 4.8 (at alpha .05) in order to find significant differences in scores. Because we failed to reject our first two null hypotheses, we did not evaluate statistics for hypotheses three and four as part of our findings; however some discussion of these questions is merited.
In considering the failure to reject our first null hypothesis, there are several points of explanation which may shed light on the result. First, since the material taught was new for all participants, all started from a common point. Whether they embarked on new knowledge by listening and observing, or by interacting and making choices, all students needed a basic level of explanation and guidance in order to understand Association Rules and become equipped to take the quiz. Additionally, the participants in the study represent a fairly homogenous group. For the most part, all students share a very similar academic, interpersonal, and socio-economic background, which in turn helps to ensure that their starting point for knowledge acquisition in data mining is also very similar. Therefore, whether beginning this learning via Direct Instruction or Concept Attainment, it is unlikely that much divergence would be found after a single lesson in Association Rules. The fact that only one data mining lesson and assessment was administered is recognized as a constraint for the study.
The degree of variance in each of the two instructional groups may begin to expose those participants who have an aptitude toward the subject matter and those who do not; however this is not correlated to choice of instruction methodology in this study. The level of attention and interest generated by the one instructional methodology or the other may have contributed to slightly higher scores among the more attentive group; however these higher average scores are not significant, and could also be attributed to some other factors, or simply to chance. Given that students were assigned their instruction methodology at random, it is impossible to say whether students in one group paid closer attention or were more engaged in the learning activities than students in the other group. Ultimately, we can only conclude from this portion of the study that teaching methodology did not significantly impact these students' performance on their first data mining quiz.
It is important to note that teaching model choice should not be discarded in light of the failure to reject the first null hypothesis. Concept Attainment as a model of teaching urges students to draw upon prior knowledge in order to distinguish between exemplars and non-exemplars of the subject matter being taught. The target audience, by design, did not have much, if any, prior knowledge upon which to draw when identifying exemplars of Association Rule concepts and techniques. The Concept Attainment group of students did perform slightly lower on the quiz than did the Direct Instruction group. Since the gap was not significant however, it may well be that once equipped with a foundational knowledge of data mining approaches, Concept Attainment could prove to be a highly effective and useful method for teaching data mining knowledge to students.
The hypotheses for research questions three and four were not statistically tested, since we failed to reject the null hypotheses for research questions one and two. The data were reviewed in the context of both the interaction of learning style and model of teaching though, by simply comparing mean scores in a four by two matrix. Overall, the highest mean quiz score (6.8 out of 10) was achieved by the Assimilators who received their Association Rules lesson via Direct Instruction. Interestingly, this same group scored lowest when taught via Concept Attainment (5.2 out of 10), suggesting that at least for Assimilator-type learners, choice of teaching methodology does matter. Convergers scored highest among the Concept Attainment teaching group (6.3 out of 10), the only learning style group under this model of teaching to score above a six on average on the quiz. This may be attributable to the Convergers' preference for quantitative and mathematical disciplines, which provides more context upon which to draw under the more constructivist approach of Concept Attainment. Table IV , only the Assimilator means are statistically different from one another, verified by a t-test (t=-1.37, df=4, p<.000005). This apparent relationship merits further study, and could support the idea that teaching and instructional delivery choices can help students improve their performance in subjects in which they do not necessarily have a natural aptitude. Assimilators in this study did not score the highest overall as a group; however they did score both lower and higher than any other group, solely based upon the model of teaching to which they were assigned. For this group in particular, acquisition of knowledge in the field of data mining appears to have heavily relied upon teaching choices. This finding further supports the notion that a combination of learning style and teaching model may be more effective for some learners. As an example, consider the differences between the two teaching models for the first two learning style groups as opposed to the latter two learning style groups. Accommodators and Assimilators performed better under Direct Instruction, while Convergers and Divergers both performed better after receiving Association Rules instruction through Concept Attainment. This phenomenon is best illustrated when considering the Assimilator means, where the scores generated after Direct Instruction are clearly higher than the scores earned after Concept Attainment. A major objective in conducting this research was accomplished by generating evidence that the elementary concepts and techniques of data mining can be effectively taught to an undergraduate non-Computer Science audience. The claim has been made that these concepts were effectively taught during this research. Some may question that claim, given the relatively low mean scores achieved by the participants, about 6 out of 10, which would equate on a letter grade scale to a low D or an F. This result should be considered in light of several facts:
• The quiz was intentionally designed to generate as much variance as possible, which is preferred for hypothesis testing. This pushed the mean score toward the center of the 0 to 10 scale.
• The participants were receiving their very first instruction in data mining, and it was delivered over a very short period time (about 30 minutes on average).
• Although students could ask questions by coming to the instructor in person, the online delivery environment did not create an interactive opportunity to ask questions of an instructor.
• Students were not compensated in any way, probably lowering their motivation to put forth their best possible effort to get every single quiz question right.
In spite of these limitations, students performed admirably on the quiz, some even scoring a perfect 10. Thus the relatively low mean should not be construed as a failure on the part of the participants to acquire and demonstrate knowledge of basic data mining content.
CONCLUSION
As educational offerings in data mining expand, a thorough understanding of effective teaching and learning within the context of the content will improve student outcomes. This study serves as an early starting point in determining what truly constitutes effective teaching and learning in introductory data mining education to a nontraditional group of students. In order for data mining to expand beyond its historical confines and become available to a broader, more intellectually diverse audience, this type of research is desperately needed. As the software and hardware tools which enable data mining become more accessible to the masses, instruction on how to effectively use these tools will also be needed. The tools are now emerging, driven by demand for them from new audiences. These audiences know that data mining can support process management and decision making, but are not yet equipped to use data mining effectively. By studying and finding effective ways to place these tools in the hands of the individual and small organization, data mining educators can become the change agents which will bring data mining instruction out of the research universities and large corporations, and into the hands of the new target audience. Young people earning bachelor's degrees in finance, marketing, customer service, business administration, health care, or a host of other disciplines, can leave college equipped with the knowledge and skills to apply data mining at microeconomic levels. The key at the moment rests with data mining educators, who will pursue and continue research with an eye toward shifting the current educational environment surrounding data mining.
